Abstract Counterfeiting of food is recently one of the risks relevant for producers, distributors, retailers, consumers, and national governments from economic (price), health (allergens), and religious reasons. Flavour of several food products is one of the key attributes of their quality and authenticity. In the case of some foods, the aroma of a product is specific enough to discriminate an original product from its fraud or adulterated counterpart. Electronic nose (e-nose) is a rapid and powerful technique, which requires no special sample preparation to determine the aroma of a product. In the present review, the applications of different e-noses and chemometrics for determination of food authenticity including adulteration and confirmation of origin are discussed. E-noses of various configurations are a very promising tool for testing the authenticity of food products.
Introduction
Counterfeiting of food is one of the risks gaining recently more and more attention from producers, distributors, retailers, consumers, and national governments (Moore et al. 2012) . In May 2009, the Food and Drug Administration (FDA) created the term economically motivated adulteration (EMA) as a subcategory of food fraud. It was defined as B… the fraudulent, intentional substitution or addition of a substance in a product for the purpose of increasing the apparent value of the product or reducing the cost of its production (…). EMA includes dilution of products with increased quantities of an already-present substance to the extent that such dilution poses a known or possible health risk to consumers, as well as the addition or substitution of substances in order to mask dilution^ (Spink and Moyer 2011) .
Maximization of commercial profit is usually behind counterfeiting of food. Authenticity of food covers such aspects as adulteration, false or misleading origin or characterization of the product, and its mislabelling. The most common fraudulent procedure is partial or complete substitution of an authentic ingredient or material with a cheaper and easily available component (Hrbek et al. 2014) . It leads to worse quality product usually without a substantial effect on human health. In the last years, however, the incidences of food fraud or adulteration seriously dangerous to human health took place. The most known examples are the following: (1) a mass poisoning of Chinese children in 2008 caused by melamine added to milk to overestimate the protein content in this product, and (2) methanol poisoning occurred in 2012 in the Czech Republic, Poland, and Slovakia due to adulteration of Bon tap^liquor of unknown origin. The information on this incident was distributed through the Rapid Alert System for Food and Feed (RASFF) by the Czech Republic (RASFF Annual Report 2012).
The authenticity of various products, e.g. honey, wine, some dairy or meat products, is sometimes associated with a geographical area of production and/or specific processing technology. Symbols of Protected Geographical Indication (PGI), Protected Designation of Origin (PDO), and Traditional Speciality Guaranteed (TSG) have been created and introduced by the European Union (EU) to protect specific regional foods from misuse and imitation. Verification of producers declaring the originality of PDO, PGI, and TSG products is also important for consumers.
There are a lot of adulterants that could be found in food. Several methods are used to evaluate the quality or detect adulteration in food. Some of them give information about the composition of the native constituents or of the appearance of a possible adulterant. They comprise chemical and chromatographic methods as well as spectroscopic techniques, such as mass spectrometry (MS), ultraviolet-visible (UVVis) spectroscopy, Fourier transform near infrared (FT-NIR) spectroscopy, Fourier transform infrared (FT-IR) spectroscopy, Raman spectroscopy, nuclear magnetic resonance (NMR) spectroscopy, and fluorescence spectroscopy. In combination with chemometrics, they became powerful tools for quality control or determination of authenticity of food (Chou et al. 2007; Coppa et al. 2012; Cozzolino and Murray 2004; Kamal and Karoui 2015; Krist et al. 2006; Lohumi et al. 2015; López-Díez et al. 2003; Lv et al. 2014; Meza-Marquez et al. 2010; Mohammed et al. 2013; Poulli et al. 2007; Rohman et al. 2011; Salguero-Chaparro et al. 2013; Šmejkalová and Piccolo 2010; Stanimirova et al. 2010; Tu et al. 2014; Zhang et al. 2008 ; reviewed also in e.g. Reid et al. 2006) . The techniques used for the detection of some food adulterants include also molecular biology-based and enzyme-linked methods (Asensio et al. 2008; Chen et al. 2010; Ghovvati et al. 2009 ). Although these methods are usually the most specific and sensitive, they require expensive equipment and highdegree technical expertise. They also have higher falsepositive rates (Tian et al. 2013) .
All aforementioned analytical techniques, excluding gas chromatography (GC), cannot be used for the determination of volatile compounds. Flavour of several food products is one of the key attribute of their quality. The volatile compounds of foods are diverse and originate from raw materials and/or are generated during production, maturation, and storage. Unique volatile compounds may characterize some products, and such aroma markers could be identified to confirm their authenticity (Pillonel et al. 2003) . However, determination of the changes in the composition of food volatile compounds due to counterfeiting procedure may be sometimes insufficient to confirm the authenticity of a product. Moreover, extraction, separation, and identification of compounds, considered as markers of fraud or authentic food, using chromatographic methods are usually labour-and time-consuming. Therefore, the application of tool for real-time, rapid, and effective determination of the authenticity of a product based on its aroma is important for fast detection of adulterant.
Electronic noses (e-noses) are devices used for analysing food aroma generally without separation and identification of volatile compounds. A typical e-nose comprises (1) the sampling system, (2) a set of non-selective sensors or a mass spectrometer (MS), or their combination as a collecting unit, and (3) a data acquisition system for signal processing and software with multivariate data processing tools to recognize and classify products according to their specific odour (pattern recognition system) (Dymerski et al. 2011) . Chemical sensors or MS in e-noses are the most important part of the system because they provide information about measured parameters (Śliwińska et al. 2014) . The most frequently used sensors of enoses are electrochemical (amperometric and conductometric), piezoelectric, and optical (smell-sensing), and those based on GC and MS (Dymerski et al. 2011; Śliwińska et al. 2014) . The number and type of sensors as well as their selectivity and sensitivity depend on the e-nose application. Enoses, due to their rapid screening capacity, are a promising alternative to GC, which admittedly gives information about the volatile composition of food, but is rather expensive and time-consuming. Some of the advantages of e-nose are its simplicity or no special sample preparation, relatively short analysis time, and low cost of analysis per sample. E-noses of different configurations are successfully used for aroma characterization of various food products such as oils, meat, fish, alcoholic and non-alcoholic beverages, honeys, fruits, and other products. They allow to distinguish them according to the type, technological process used, maturity level, origin, microbiological contamination, adulteration, and other quality properties (reviewed in Berna 2010; Loutfi et al. 2015; Schaller et al. 1998; Wilson and Baietto 2009; Zohora et al. 2013 ).
In the case of authentic or traditional food, the aroma of a product should be specific enough to discriminate an original one from its fraud or adulterated counterpart. Many reports show that e-nose is a very promising tool for monitoring authenticity of food products. In the present paper, the most recent applications of e-nose (mostly from last 10 years) for determination of food authenticity, including adulteration and origin confirmation, are presented (Table 1 ) and discussed. Applications of e-noses in quality control, monitoring technological process, ageing, spoilage, and others are not presented. They are reviewed in, e.g. Berna (2010) , Loutfi et al. (2015) , Schaller et al. (1998) , Wilson and Baietto (2009), and Zohora et al. (2013) . Several other studies are referenced, e.g. in Liu et al. (2012) , Pizzoni et al. (2015) , Qiu et al. (2015) , and Xiao et al. (2014) . The results of some studies concerning the authenticity of food were summarized by Dymerski et al. (2011 ), Peris and Escuder-Gilabert (2009 ), and Śliwińska et al. (2014 as one of the aspects of e-nose applications in food analysis. In a very recent publication of Śliwińska et al. (2016b) on advances in e-noses and e-tongues for food authenticity testing, there are much fewer examples of e-nose applications concerning food adulteration and origin confirmation than presented in this review.
In this review, 46 examples of the applications of e-noses of various configurations for authenticity testing of food are presented and discussed. It is not possible to discuss the results of all published studies especially because new ones still appear.
The most important groups of food products, i.e. milk products, plant oils, animal fats and meat, honey, alcoholic beverages, and others, are included. We mainly focused on products that are unique because of their botanical or geographical origin, as well as on those the authenticity of which could be the subject of manipulations. This review will allow the readers to get to know how e-noses combined with chemometrics could be potentially used in the field of food authenticity testing.
Application of e-Nose in Food Authenticity Testing
Milk Products
Volatile compounds found in different milk products include native volatile compounds of milk and volatile compounds produced in the final product during production or maturation (Pillonel et al. 2003) . Some products contain especially high concentration of certain volatile compounds, but usually they do not allow discrimination of the same type of products. Yu et al. (2007) found that it is possible to detect adulteration of skimmed milk with reconstituted milk powder or water using e-nose with 10 metal oxide semiconductor (MOS) sensors. Results of linear discriminant analysis (LDA) and principal component analysis (PCA) of the data obtained from the e-nose revealed that adulteration of skimmed milk with reconstituted milk powder or water can be detected up to 4 days of milk storage. Authenticity of Emmental cheese from different European regions was investigated by Pillonel et al. (2003) using gas chromatography with mass spectrometer (GC-MS) and a flame ionization detector (FID), as well as an MS-based enose. They reported that cheese from various regions could be differentiated from each other using volatile compounds which were more or less specific to one or two regions. Butan-2-one, butan-2-ol, 3-hydroxybutanone, and octane were, e.g. pointed as markers for Swiss cheeses. However, GC-MS with a purge-and-trap (P&T) technique was indicated by authors as a very expensive and time-consuming tool; thus, An e-nose with 6 MOS sensors (designed system) PCA, ANN Heidarbeigi et al. 2015 they looked for less costly methods such as a MS-based enose. Using PCA, 90 and 91% of correct classifications were obtained for the Swiss Emmental and Emmental from other regions, respectively. By discriminating each non-Swiss and Swiss region, correct classifications of 90-100% were obtained for Swiss Emmental cheese and 83-100% for Emmental cheese from other regions. The authors suggested that the discrimination should be improved by the usage of such trained classification techniques as discriminant function analysis (DFA) and LDA in combination with a bigger database. They also proposed that the sensitivity of the analysis, and thus the potential of e-nose as an analytical tool for determination of authenticity of Emmental cheese, could be improved by the pre-concentration of the headspace (HS) before injecting it into the MS detector.
Various cheeses in Europe are PDO products. Alike other products, they are a subject of adulteration. Italian PDO Picorino cheeses were successfully classified according to their manufacturing techniques and ripening time using an enose based on six MOS sensors and an artificial neural network (ANN) method. The most effective pre-treatment data procedure before ANN model preparation was PCA with a classification performance of 100% and a root mean square error (RMSE) value of 0.024. Moreover, the classification capability of the applied e-nose coupling with ANN was even better than the capability of the technique based on analysis of volatile compounds such as GC-MS (Cevoli et al. 2011) . Majcher et al. (2010) investigated the volatile profiles of Polish Oscypek cheese with a symbol of PDO and Oscypeklike cheeses (adulterated Oscypek cheeses). They found that the aroma of Oscypek was more developed than the aroma of other cheeses. Moreover, industrially produced Oscypek-like cheeses were less developed in flavour than artisan cheeses. Authenticity of Polish Oscypek was determined using an enose based on solid-phase microextraction and mass spectrometry (SPME-MS). SPME-MS involved volatile extraction by SPME with subsequent characterization of mass spectra without separation of volatile compounds using GC (Majcher et al. 2015) . It was reported that the aroma of different cheeses was specific and discrimination of Oscypek-like cheeses from traditional PDO Oscypek is possible. Application of multivariate analyses of SPME-MS data including PCA, LDA, soft independent modelling of class analogy (SIMCA), and support vector machine (SVM) allowed successful discrimination of Oscypek cheeses from adulterated ones and led the authors to the conclusion that the e-nose applied in their study can be used to detect mislabelling and adulteration of PDO Oscypek cheeses (Majcher et al. 2015) .
Plant Oils
The adulteration of an expensive and high-quality oil with a cheaper one or plant fats containing lard or tallow is a frequent problem gaining attention of oil suppliers, regulatory agencies, and consumers. The Codex Alimentarius Specification for Fats and Oils lists the range of fatty acids in various oils and fats; thus, it is the international base for checking the purity of these products (Che Man et al. 2005) . However, comparison of fatty acid composition may not be sufficient for fat or oil authenticity confirmation.
Authenticity studies with an e-nose have been successfully performed for the differentiation of virgin olive oils. Among the most frequent adulteration of virgin olive oils are those with sunflower, maize, olive pomace, and hazelnut oils (Cerrato Oliveros et al. 2002) . Adulteration with hazelnut oil is one of the most difficult to detect because of its similar composition (fatty acids, triacylglycerols, and total sterols) to olive oil (Peña et al. 2005 ).
An example of application of an e-nose for olive oils is the study by Guadarrama et al. (2001) who used a sensor array based on 16 conducting polymer gas sensors to discriminate the quality, variety, and geographical origin of olive oils. The PCA revealed that the e-nose applied in the study has been able to distinguish not only different-quality olive oils (lampante, ordinary, virgin, and extra virgin) but also Spanish olive oils produced from different varieties of olives and originated from different geographical areas.
Adulteration of virgin olive oil with sunflower and olive pomace oils was also investigated by Cerrato Oliveros et al. (2002) . They used the signals obtained by an e-nose with a selected array of 12 metal oxide (MOX) sensors and multivariate chemometric techniques such as quadratic discriminant analysis (QDA), LDA, and ANN. Good results were obtained in the discrimination of non-adulterated and adulterated olive oils with the possibility of identifying the type of oil adulterant. The models generated using the discriminant analysis techniques provided good results with prediction rates higher than 95%. For particular cases, promising results were obtained regarding quantification of adulteration percentage.
The same authors (Cerrato Oliveros et al. 2005 ) used a HS-MS-based e-nose for the discrimination of extra virgin olive oils originating from five different Mediterranean areas. The headspace generation temperature was 40°C, and the selected features were fragment ions strictly connected with the typical olive oil volatile components and with the related cultivar. Chemometric analysis of data obtained for 105 samples was performed using PCA, LDA, and stepwise LDA (step-LDA). Using step-LDA, 93.6% of samples were correctly classified and 90.5% were correctly predicted by a cross-validation procedure. Moreover, 80.0% of samples from an external test set were correctly assigned. Lorenzo et al. (2002) proposed an application of a headspace coupled with a mass spectrometer (HS-MS e-nose) for the detection of sunflower and olive pomace oil adulteration at the level of 5-60% in 89 samples of olive oils. For preparation of adulterated samples, 32 commercial olive oils (virgin and refined), originating from different suppliers, were used. The LDA analysis of e-nose data allowed distinguishing the type of adulteration (sunflower or olive pomace oil) with 100% success in classification and 99% success in prediction. Discrimination between non-adulterated and adulterated olive oil samples with 100% success in classification and 98% success in prediction was also reported.
A similar technique was successfully used by Peña et al. (2005) for the detection of adulteration of refined and virgin olive oils with hazelnut oil at the minimum adulteration levels of 7 and 15%, respectively. The authors used HS-MS e-nose to analyse oil samples and various chemometric recognition and regression techniques for data treatment such as SIMCA, cluster analysis (CA), partial least squares (PLS), and principal component regression (PCR). It was reported that the PLS model provided lower standard error of prediction (SEP) value than PCR and higher percentages of explained data variance. Validation of the proposed method revealed good accuracy of both models. For both olive and virgin olive oils, SEP values of 1.3 and 1.4% were obtained with PLS and PCR models, respectively. The PLS model was applied to detect the adulteration of commercial olive oils with hazelnut oil. No positive results were obtained for the virgin olive oils, but six olive oils were found to be adulterated with hazelnut oil at the level from 23 to 45% (w/w). Cosio et al. (2006) used an e-nose to characterize the geographical origin of Italian Garda extra virgin olive oil distinguished as PDO since 1998. A classification model, differentiating 36 extra virgin olive oils of Garda from 17 extra virgin olive oils of several regions of Italy and Europe, has been generated by means of counter-propagation artificial neural networks (CP-ANNs). They created a classification model with two classes (not-Garda and Garda extra virgin olive oils) that was proposed as a good tool to describe PDO Garda extra virgin olive oil uniqueness and protect Garda PDO against adulteration.
Mildner-Szkudlarz and Jeleń (2008) assessed the potential of three methods of volatile compound analysis with subsequent PCA to discriminate extra virgin olive oil adulterated with hazelnut oil. They used comparison of SPME-fast-GC-FID chromatograms of volatiles and sample headspace comparison using an e-nose based on six MOS sensors (HS-E nose) and an e-nose based on SPME-MS. Volatile compounds were identified by the SPME-GC/MS technique. The same techniques (HS-E nose, SPME-MS, and SPME-GC/MS) were also applied to detect adulteration of olive oil with rapeseed and sunflower oils (Mildner-Szkudlarz and Jeleń 2010) . In both studies, PCA and PLS analyses were applied to the data from two e-noses and chromatographic analyses. The authors reported that all methods of oil aroma analysis allowed discrimination between non-adulterated and adulterated samples and detection of different contents (5-50% v/v) of hazelnut, rapeseed, and sunflower oil adulterants in olive oil (MildnerSzkudlarz and Jeleń 2008; Mildner-Szkudlarz and Jeleń 2010) . When HS-E nose data were used, the PLS model predicted hazelnut adulteration of virgin olive oil with a correlation coefficient of 0.997 and an accuracy of 2.85% (MildnerSzkudlarz and Jeleń 2008), rapeseed oil adulteration with a correlation coefficient of 0.989 and an average error of 4.41%, and sunflower oil adulteration with a correlation coefficient of 0.990 and an average error of 4.20% (Mildner-Szkudlarz and Jeleń 2010). When SPME-MS data were used, PLS models predicted rapeseed oil adulteration of virgin oil with a correlation coefficient of 0.994 and an average error of 3.12%, whereas those in the case of sunflower adulteration were 0.992 and 3.26%, respectively (Mildner-Szkudlarz and Jeleń 2010) . A good agreement between chromatographic analyses (SPME-fast-GC-FID and/or SPME-GC/MS) and e-nose (HS-E nose or SPME-MS) data was found, but the two latter methods were less time-consuming than GC methods; thus, they seem to be very promising for routine detection of extra virgin olive oil adulteration with cheaper plant oils (MildnerSzkudlarz and Jeleń 2008; Mildner-Szkudlarz and Jeleń 2010) .
The geographical origin of Moroccan virgin olive oils was confirmed in the study of Haddi et al. (2011) by an e-nose based on six MOS sensors and pattern recognition techniques such as PCA and LDA. They found that especially LDA gives good separation of tested olive oils. Cross-validation using a leave-one-out approach was applied for the LDA model, and an accuracy of 96.3% in the recognition of virgin olive oils from Morocco was obtained.
An e-nose based on the system of 10 MOS sensors was used for the detection and determination of the adulteration level of sesame oil with maize oil (Hai and Wang 2006) . The level of adulteration was in the range from 10 to 90%. PCA, step-LDA, Fisher linear transformation (FLT), and selection by Fisher weights (SFW) were used as feature extraction methods. For pattern recognition, LDA, back propagation neural networks (BPNNs), probabilistic neural networks (PNNs), and general regression neural networks (GRNNs) were applied. It was found that in the classification by LDA or PNN, FLT was the most effective feature extraction method, whereas step-LDA and FLT were the most suitable for BPNN and GRNN, respectively. It was also reported that BPNN after training could quantitatively predict the adulteration more precisely than GRNN. On the other hand, GRNN with FLT (as its feature extraction method) and without iterative training could also give acceptable results.
Che Man et al. (2005) investigated the potential use of surface acoustic wave (SAW) sensing e-nose (zNose™) for the detection of lard adulteration in refined, bleached, and deodorized (RBD) palm olein. They also determined the changes in fatty acid composition of RBD palm olein adulterated with lard at the level from 1 to 20% (w/w). They reported that the changes in fatty acid composition are not sufficiently a good parameter to prove the adulteration of RBD palm olein with lard, because similar changes in fatty acid composition were observed for RBD palm oil adulterated with chicken fat (Marikkar et al. 2002) . However, adulteration of RBD palm olein with lard (as low as 1%) can be detected and quantitatively determined using zNose™.
zNose™ was also used to detect the adulteration of virgin coconut oil with RBD palm kernel olein at the level from 1 to 20% (w/w) (Marina et al. 2010) . The e-nose peaks were obtained from the sensor signal values, which represented the concentration of specific volatile compounds. The authors selected peaks that changed according to the adulterant concentration and considered them as the adulterant peaks. They were tentatively identified as 3-hexenal, trimethyl pyrazine, citronellal, decanol, 2-undecenal, methyl dodecanoate, deltadecalactone, and butyl laurate using n-alkanes as the standards and Kovats indices stored in the database of the Microsense software. The presence of the adulterant was sensed just at 1%. The relationship between adulterant peaks and the percentage of added palm kernel olein was calculated, and the best relationship was obtained for the peak tentatively identified as methyl dodecanoate (R 2 = 0.91). PCA allowed the separation of pure virgin coconut oils from adulterated samples, and the PLS model with a R 2 of 0.91 indicated the potential of an e-nose as a tool in the routine control of virgin coconut oil adulteration.
The possibility of application of an e-nose based on MOS sensors (five tin dioxide gas (TGS) sensors) and pattern recognition techniques such as PCA, DFA, and SVM to detect adulteration of argan oil with sunflower oil (from 10 to 70%) was reported by Bougrini et al. (2014) . Results of PCA and DFA performed on the e-nose data showed differentiation between pure and adulterated argan oils. SVM and the oneagainst-one classification method were implemented to build the classification model. SVM classification results showed acceptable success rates of 91.67% for comestible argan oil and 83.34% for cosmetic argan oil.
The results of Wei et al. (2015) concerning the volatile compounds of differently processed flaxseed oils (coldpressed, hot-pressed, and solvent-extracted) showed that the major volatile compounds could be used as chemical markers to recognize differently processed oils by PCA. The marker compounds that contributed to the discrimination of flaxseed oils were hexanal, (E,E)-2,4-pentadienal, (E,E)-2,4-heptadienal, 6-hydroxy-2-hexanone, 1-hexanol, methyl-pyrazine, nonanal, 2,3-pentanedione, 1-butanol, acetic acid, hexanoic acid, and ethyl acetate. PCA based on these volatile compounds, as well as on the data obtained using an e-nose based on 18 MOX sensors, allowed distinguishing differently processed flaxseed oils. The authors found good consistency among the results obtained using GC-MS, e-nose, and sensory evaluation, suggesting the good potential of the e-nose for evaluation of flax seed oil quality and detection of frauds.
Animal Fats and Meat
Identification of meat species in minced and comminuted meat products is relevant for consumers from economic (price), health (allergens), and religious reasons. Nurjuliana et al. (2011b) proposed the application of an e-nose for halal authentication. Market of halal food has recently increased especially in the major Muslin countries. One of the categories of nonhalal food is pig derivatives, including all its by-products (Rohman and Che Man 2012) . It was found that aromas of lard and other animal fats such as beef, mutton, and chicken fats are sufficiently specific to differentiate them using zNose™ (Nurjuliana et al. 2011a) . zNose™ gives a two-dimensional olfactory image (a Vapor Print™) that was used to quantitatively monitor the changes that occurred when chicken fat was added to lard. This image can be regarded as the chemical signature of an aroma of a substance. It is the graphical display of the SAW detector sensor converted into a planar format: the angular variable is the retention time and the radial variable is the SAW detector frequency (Marina et al. 2010; Nurjuliana et al. 2011a) . Using PCA, the authors were able to differentiate lard fat adulterated with chicken at the level from 1 to 80% (w/w).
The authors from the same group (Nurjuliana et al. 2011b ) successfully used zNose™ and PCA for identification and differentiation of pork meat and pork sausages from mutton, beef, and chicken meats. They also suggested that heptanal had a major influence on the discrimination of pork from other types of meat and sausages.
The analysis of pork adulteration in minced mutton using pH and colour measurements as well as an e-nose based on MOS sensors was done by Tian et al. (2013) . Different chemometric methods were used to evaluate the e-nose application in classification of the adulteration and to build a model predicting the content of pork in minced mutton. The authors found that step-LDA was the most effective feature extraction method. Multiple linear regression (MLR), PLS analysis, and BPNN showed high capacity in predicting pork content in minced mutton with a R 2 higher than 0.9092 and a RMSE lower than 10.94%, but the model built by BPNN was more precise in predicting the adulteration (R 2 higher than 0.97). The authenticity of Italian PDO dry-cured Parma, San Daniele, and Toscano hams was investigated by Laureati et al. (2014) . Their multi-disciplinary approach involved a sensory profile and physico-chemical, morphological, textural, and aromatic characteristics. For aroma analysis of hams, a portable e-nose (PEN2) with 10 MOS sensors was applied. PCA of enose data clearly differentiated PDO hams indicating that their aroma is specific enough to confirm their authenticity.
Honey
Adulteration of honey or mislabelling the botanical origin is considered one of the biggest problems with this product. Therefore, the confirmation of the botanical origin or detection of honey adulteration with sugar is of great importance for consumers. The results of several studies indicate that the quality of honey can be confirmed not only using laborious and time-consuming physico-chemical and chromatographic methods but also e-nose as the alternative.
An e-nose based on MS has been used by Ampuero et al. (2004) to control the botanical origin authenticity of honeys: acacia (Robinia ssp.), chestnut (Castanea ssp.), dandelion (Taraxacum ssp.), lime (Tilia ssp.), rape (Brassica ssp.), and fir (Abies ssp.). Three different sampling modes were applied: SPME, static headspace (SHS), and inside needle dynamic extraction (INDEX). The best classification of honeys was performed using ionic masses obtained by the e-nose with SPME presenting 98% of correct classifications of honey samples, both with DFA and PCA. The SPME sampling mode gave heavier ionic masses than INDEX and SHS. It probably had a direct impact on classification. The authors also observed that the e-nose enabled sorting out of some aromadefective samples, e.g. fermented ones, which were also detected by sensory analysis, but not by the classical methods. Zakaria et al. (2011) used an e-nose with 32 non-selective sensors of different types of polymer matrix, blended with carbon black, to classify honeys according to the botanical origin and to detect their adulteration with sugar syrup. Moreover, e-tongue was also applied. The PCA and LDA performed on data obtained from the e-nose and e-tongue discriminated polyfloral honey from sugar syrup and adulterated samples and monofloral honey from sugar syrup. PCA and LDA classification performed with all samples was not able to discriminate honeys of different floral origins, adulterated samples, and sugar syrup, but application of PNN enabled successful classification of all different samples with the highest classification result of 92.59%. They also found that discrimination of samples using the e-nose was better than discrimination obtained by e-tongue, particularly when LDA was applied. The obtained results suggested also that pure and adulterated honeys could be better classified using fusion data obtained from e-nose and e-tongue.
The same e-nose system and chemometric methods were used by Subari et al. (2012) . They compared the data obtained from an e-nose and FT-IR spectroscopy applied for the classification of Tualang honey and the determination of its adulteration with beetroot and cane sugars (from 20 to 80%). They reported that LDA was better than PCA for honey classification based on e-nose data. After validation, the raw data obtained the highest classification accuracy (76.5%) using step-LDA, whereas normalized data obtained the highest accuracy (74.9%) using the direct LDA method. Fusion of e-nose and FT-IR spectroscopy data was also carried out. Honey classification using the step-LDA method based on e-nose and normalized low-level and intermediate-level FT-IR fusion data scored classification accuracies of 92.2 and 88.7%, respectively, suggesting the potential of fusion methods to classify adulterated and pure honeys. In the second study, Subari et al. (2014) used the same approach, but used the ANN method to estimate the purity of 21 honey samples. The results showed that ANN performed on the e-nose and FT-IR fusion data was able to estimate the concentration of pure honey in adulterated honey solution with a mean absolute error of 6.9%, whereas the mean absolute error using e-nose or FT-IR data separately was 15.0%. Huang et al. (2015) used an e-nose based on MOS sensors to identify the botanical origin of honeys as well as to determine some physico-chemical quality parameters. Honey samples originated from China and Australia. Fourteen botanical origins were indicated: jujube (Ziziphus jujuba), polyfloral honey from rape (Brassica napus), black locust (Robinia pseudoacacia), Chinese milkvetch (Astragalus sinicus), black Locust, Chinese milkvetch, mandarin orange (Citrus reticulata), linden (Tilia miqueliana), lychee (Litchi chinensis), longan (Dimocarpus longan), red stringybark (Eucalyptus macrorhyncha), yellow-top mallee ash (Eucalyptus luehmanniana), grey box (Eucalyptus microcarpa), river red gum (Eucalyptus camaldulensis), sweet orange (Citrus sinensis), and yellow box (Eucalyptus melliodora). Compared with PCA and DFA, the least squares support vector machine (LS-SVM), which could retain the non-linear information of the e-nose, had better ability to discriminate both geographical and botanical origins with the overall accuracy of 100%.
An e-nose was used by Pei et al. (2015) for identification of acacia and Jing honey adulteration with rice syrup or rape honey at the level up to 70%. The minimum amount of rape honey and rice syrup added as adulterant to change the aroma of tested honeys was 2 and 1%, respectively. The pure honey and adulterated honey could be well distinguished by LDA, and the accuracy of the discriminant model was 94.7%. Gan et al. (2016) compared sensor (ultra-fast GC e-nose and e-tongue based on seven potentiometric sensors) and spectroscopic (FT-NIR and FT-IR) techniques for classification of honeys according to the botanical origin (vitex, jujube, acacia) and for determination of rice and corn syrups used as adulterants at the level of 5, 10, 20, and 40%. PLS discriminant analysis (PLS-DA), SVM, and interval PLS models were used to classify the botanical origin, whereas PCA and PLS were used to determine the adulterants. They found that the botanical origin of honey could be determined by all tested techniques. Total accuracy for calibration and prediction sets was almost 100% in e-nose and e-tongue analyses by SVM, and in FT-NIR and FT-IR analysis by the interval PLS model. However, FT-NIR and FT-IR spectra were better to confirm the origin of honey than sensors due to higher accuracy. The results also indicated that e-tongue was more suitable for detecting honey adulteration using the PLS model although total accuracy for calibration and prediction sets was above 96% for all techniques. Although ultra-fast GC e-nose was not the best in the classification of honeys according to the botanical origin and in detection of adulterants, its accuracy was high enough to use it for these purposes. This type of e-nose is based on volatile compound separation using an ultra-fast/flash GC chromatograph. Each sample and each recorded chromatographic peak/volatile compound (regarded as sensor) are used to create a matrix of results subsequently analysed by chemometric methods. Before chemometric analysis, preselection of peaks can be done to choose the most efficient ones in differentiation of the tested sample. It cannot be excluded that with a slightly different selection of peaks used for the multivariate analysis, better classification of honeys and more precise detection of adulterants could be obtained using the e-nose than other methods applied in this study.
Alcoholic Beverages
Discrimination or classification of wines is a rather difficult task, but several attempts have been undertaken to apply enoses of various configurations for this purpose. It is especially important for wines labelled with PGI or PDO symbols to protect their quality, control the wine processing, and prevent the adulteration (Versari et al. 2014) .
Italian wines adulterated with methanol and ethanol at the concentration up to 10 vol.% as well as with other wines of the same colour as the tested wine were recognized using a multisensor array based on four thin-film semiconducting MOX sensors combined with a pattern recognition system of an ANN (Penza and Cassano 2004) . It was found that the cross-validated ANN provided correct classifications of 70, 83.3, and 93.3% for wines adulterated with ethanol, others with the same-colour wine or methanol, respectively. Good correlation coefficients for predicted versus true concentration of methanol (0.987-0.997) and ethanol (0.902-0.921) adulterant, depending on the type of wine, were also obtained. It indicates that the recognition of wine adulteration using a multisensory array as an analytical tool is possible. Martí et al. (2004) developed and successfully applied a HS-MS-based e-nose in combination with PCA and SIMCA for the differentiation and classification of wines. Three different studies have been carried out to differentiate and classify wines according to (1) origin, (2) variety, and (3) ageing. Suitable representative samples were chosen: (1) wines from Priorat and Terra Alta (25 in total, most of them were blends of two varieties); (2) 82 Cabernet sauvignon, 66 Tempranillo, and 61 Merlot wines from different Catalonian wine growing zones and 1999-2001 vintages; and (3) 121 wines from Ribera del Duero. Ribera del Duero is a very important wine growing Spanish zone. By a regulatory council, the commercial wines from this zone are classified according to their ageing process into four different administrative categories: Young, Crianza, Reserva, and Gran Reserva wines. The proposed method was simple and fast (10 min per sample). For differentiation of wine origin, only five fragment ions were used as independent variables. Two first principal components explained 97.7% of the total variability of samples, and the interclass distance between Priorat and Terra Alta wines by applying SIMCA classification was 14.5. This result is very promising because the zones studied by Martí et al. (2004) are geographically very close to each other and their wines are blends of the same varieties. Although, the results obtained in different vintages for wines according to the variety were different and a partial overlap among the different varieties in the 2001 vintage was observed, the suitability of the proposed method was confirmed. Lozano et al. (2007) studied three sampling methods usually used in e-noses to improve discrimination of wines manufactured from different grape varieties mostly denominated as BVinos de Madrid^. They used SHS with dynamic injection, P&T, and SPME. For pattern recognition, PCA and PNN were used. The highest response of sensors was obtained by the SHS method, but the best discrimination of wines was achieved with P&T and SPME. The classification performed with PNN (the success rate) was 100, 95.8, and 87.5% for SPME, P&T, and SHS, respectively. Authors suggested that e-nose with HS and P&T could be more suitable for in situ and portable systems whereas SPME could be used in laboratory.
In the same laboratory, four different wines originating from Madrid region (Malvar and Airén white grape varieties, Garnacha and Tempranillo red grape varieties; all harvested in 2003) were differentiated using a purposely designed portable e-nose containing two different micromachined resistive sensor arrays. When the sensor array with polysilicon heater was applied, a good separation of red and white wines was achieved by PCA; white wines were slightly overlapped, but the PNN classification success was 100%. For the sensor array with platinum heater, a slight overlapping of wines in the PCA plot was observed and classification obtained with a PNN was 88% (Aleixandre et al. 2008) . These results indicate that the variety of grape had a significant influence on the aroma of wines; however, additional studies should be performed to confirm the potential of the proposed e-nose to evaluate the type of wine. Berna et al. (2009) compared the performance of GC-MS with MOX-based e-nose and MS-based e-nose in the analysis of 34 Sauvignon Blanc wines originating from six regions of France, Australia, and New Zealand. Based on GC-MS data, the LDA revealed three distinct classes of wines with different aroma profiles. The first class comprised wines from the South Australia region with high content of ethyl ethanoate and nerol oxide. The Australian wine from Victoria and the New Zealand ones from the Marlborough region were grouped together due to the similar content of 1-hexanol and trans-2-hexenyl butanoate. Wines from the Loire region in France and Australian wines from Tasmania and Western Australia created one class. They showed high levels of pentyl ethanoate, hex-4-enoic acid ethyl ester, and propyl decanoate. The usage of SPME with ethanol removal prior to MOS-based e-nose analysis resulted in an average error of prediction of the regional origin of Sauvignon Blanc wines of 6.5% compared to 24% when SHS was applied. The misclassification rate for MS-based e-nose was higher (21.4%) than for MOS-based enose with SPME, but probably the delimitation of the m/z range considered could improve classification.
The ability of the MS-based e-nose to classify wines according to the geographical origin was confirmed by Cynkar et al. (2010) . Differentiation of Tempranillo wines produced in Australia (35 samples) and Spain (25 samples) over six vintages (1999) (2000) (2001) (2002) (2003) (2004) was possible using PCA. Analysis of the MS-based e-nose data with the use of PLS-DA and Step-LDA with full cross-validation resulted in 85 and 86% correct classifications of Tempranillo wines according to their geographical origin, respectively.
An e-nose based on the chromatographic principle was used by Antoce and Namolosanu (2011) to analyse the volatile profile of various samples of red wine. They used the ultrafast GC e-nose based on chromatographic peaks of wine volatile compounds and DFA. It was possible to discriminate tested wines according to the geographical origin, grapevine variety or blends, and fraud attempts such as the dilution with water at the level of 10%. The DFA allowed to recognize the 10% in the blending proportions.
The Tongshan kaoliang spirit is a traditional alcoholic beverage from China, produced in Tongshan town. The most common fraudulent practice concerning this product is the production and selling of the spirit originating from other regions of China. Peng et al. (2015) used the ultra-fast GC enose combined with PCA and DFA for discrimination of the Chinese Tongshan kaoliang spirit of different origin. Three groups of products were used: samples of original Tongshan kaoliang spirit, not Tongshan kaoliang spirit, and blended adulterated spirit. The models developed by PCA and DFA allowed correct classification of tested samples with a prediction rate of 93%. These results are promising and indicate that this type of e-nose could be used as a fingerprinting technique for confirmation of authenticity and protection of the fame of the Chinese Tongshan kaoliang spirit. However, further studies concerning the identification of factors or compounds responsible for differentiation of these products from adulterated counterparts would be valuable.
An e-nose based on the ultra-fast GC was used in the study of Wiśniewska et al. (2016) for differentiation of agricultural distillates (from rye, triticale, wheat, and maize) according to their botanical origin. Agricultural distillates are used for the production of spirit beverages. A specific botanical origin of products is more and more specified on the label (e.g. rye vodkas, wheat vodkas, and Polish Vodka, which cannot be produced with the addition of maize distillate); thus, it is important to have a quick and accurate method allowing confirmation of the botanical origin of these products. PCA, DFA, SIMCA, and statistical quality control (SQC) were used for data analysis. From these methods, DFA and SIMCA allowed full differentiation between the tested distillates. In PCA, two points belonging to one sample of a wheat distillate overlapped with a group of points belonging to distillates produced from triticale (a hybrid of wheat and rye). The SQC analysis only allowed differentiation of rye distillates from other tested distillates. The results of this study confirmed the usefulness of e-nose based on ultra-fast GC for quick confirmation of authenticity of agricultural distillates.
The authors from the same group successfully used the same e-nose (based on fast GC) in combination with the same chemometric methods (PCA, DFA, SIMCA, SQC) for differentiation of three types of cherry liqueurs (Polish home-made liqueurs called nalewka, commercially available liqueurs labelled as nalewka, and commercial liqueurs) (Śliwińska et al. 2016a) . Moreover, headspace solid-phase microextraction/ two-dimensional gas chromatography-time-of-flight mass spectrometry (HS-SPME/GCxGC-TOFMS) was used to identify and tentatively semiqualitativaly compare the amount of selected compounds of the volatile fraction of these beverages. It was found that only DFA allowed full discrimination of all groups of samples, whereas PCA, SIMCA, and SQC allowed distinguishing only homemade nalewka and commercial nalewka, but not commercial liqueurs. It was explained by the minor differences in the aroma profiles of commercial products confirmed by HS-SPME/GC × GC-TOFMS analysis. The results of both studies (Wiśniewska et al. 2016; Śliwińska et al. 2016a ) confirmed the usefulness of e-nose based on ultra-fast GC for quick confirmation of the authenticity of agricultural distillates and a Polish traditional product named nalewka.
Other Food Products
The study on authenticity confirmation of Valencia orange juices of different origins (Israel, Spain, Belize, Florida, and Cuba) based on their aroma had been conducted by Steine et al. (2001) . An e-nose based on 12 MOX sensor arrays was applied. PCA and FDA allowed separation of tested samples into five groups according to their origin. The model was developed and used to recognize unknown samples of juice. A percentage of recognition was 93.44-100% indicating that there is a real potential of the e-nose for the differentiation of pure orange juices according to the origin of the oranges used in the juice production. Cocchi et al. (2007) proposed an analytical methodology based on HS-MS for recognizing aged and hence marketable samples of the most important Italian traditional balsamic vinegar, BAceto Balsamico Tradizionale di Modena^, from the samples which are still undergoing maturation. The obtained instrumental data were first analysed by parallel factor (PARAFAC) analysis (three-way data set: samples × HS-MS signals × producers). The results of PARAFAC analysis were then used for a reasonable class subdivision with respect to ageing for further classification analysis performed by LDA and SIMCA. It was found that classification models obtained by LDA and SIMCA could be significantly improved after feature selection by application of the Wavelet Packet Transform for Efficient pattern Recognition (WPTER) algorithm. The SIMCA model showed higher sensitivity but lower specificity for the older samples with respect to classification analysis obtained using the whole set of fragmentation ions. For younger samples, both sensitivity and specificity were improved. The results of LDA were better than SIMCA-only one sample from both types of products was misclassified. Considering the complexity of this food matrix, the obtained results are promising and HS-MS based e-nose could be used for quality control and authenticity assessment of such kind of food. Hong et al. (2014) with success used MOS based e-nose as well as PCA and CA to recognize adulteration of home-made cherry tomato juices. Overripe tomato juice at the level of 10, 20, and 30% was used as an adulterant. Moreover, an e-tongue and three types of fusion of e-nose and e-tongue datasets were an alternative approaches. Feature selection for fusion datasets were performed by simple sensor concatenation of e-nose and e-tongue, analysis of variance (ANOVA), and stepwise selection. The quality parameters of juices such as pH and soluble solid contents were also measured, and four regression methods (PCR based on stepwise selection, MLR based on raw feature vector, forward selection and stepwise selection features) were used for quantitative calibration. It was found that the fusion dataset consisting of variables selected by ANOVA presented the best authentication ability. All four regression models presented good quantitative performance with respect to pH and soluble solid contents. This study also demonstrated that different sensor fusion approaches and statistical methods should be considered to obtain the best results.
Tea quality is very often related to its geographical origin. It is especially important in the case of middle-and premiumquality tea products, because the origin is usually displayed on the label and it plays an important role in the consumers' choice. Three most important tea growing countries are India, China, and Sri Lanka. In Sri Lanka, the tea quality is classified not only according to the plantation locations but also according to growing altitude (Kovács et al. 2010) . Five black teas originating from Sri Lanka were examined by Kovács et al. (2010) using an e-nose based on 22 metal oxide semiconductor field-effect transistors (MOSFETs) and MOS sensors, potentiometric e-tongue, and sensory assessment. The tea growing regions were Kandy (the tea plantations located between 650 and 1300 m), Uva located 1200-1500 m, Dimbula located at 1200-1700 m, Nuwara Eliya located at 2000 m, and Ruhuna at 600 m. E-nose and e-tongue data were analysed with PCA and LDA. In the case of sensory analysis, one-way ANOVA was used. PLS was used to develop models for predicting sensory values of black tea samples by e-nose and e-tongue data. Taking into account the data from e-nose, the results of PCA revealed that only Kandy and Ruhuna tea samples could be separated from other ones. LDA was able to differentiate Dimbula, Kandy, and Ruhuna teas, whereas Nuwara Eliya and Uva samples were overlapped. Results of cross-validation of the confusion matrix showed that 100% of Dimbula, Kandy, and Ruhuna samples were correctly classified; the correct classification in the case of Nuvara Eliya was only 37.5%, and that of Uva was 75%. Based on the results of LDA, it was also concluded that e-nose seems to be a good tool for the discrimination of tea samples according to elevation of the growing region, because Bhigh-grown^tea types (Dimbula, Nuwara Eliya, and Uva), Bmedium-grown^tea types represented by Kandy, and Blow-grown^tea types by Ruhuna were distinguished. In contrast to e-nose, e-tongue was suitable for the qualitative discrimination of five black tea types (100% prediction for all tea types). Using the PLS method, the correlation between the e-nose/e-tongue data and the sensory panel scores was also found. The results of this study showed that a larger data set should be used for the development of a more robust and reliable model based on e-nose data to recognize tea according to growing regions.
Adulteration of coffee may be related e.g. to the replacement of a cheaper Robusta variety with an Arabica one or mixing Arabica with Robusta beans. In the study of Buratti et al. (2015) , FT-NIR (for green and roasted coffee), e-nose with 10 MOS sensors (for roasted coffee), and e-tongue (for roasted coffee infusions) were applied to discriminate natural Arabica, washed Arabica, and natural Robusta varieties. PCA and LDA were applied to FT-NIR, e-nose, and e-tongue data sets in order to classify coffee samples into three groups (washed Arabica, natural Arabica, and Robusta). The LDA classification models were characterized by the percentage of correctly classified samples in calibration and in cross-validation. The average values of correctly classified samples in cross-validation were 100, 81.83, and 78.76% for FT-NIR, e-nose and e-tongue, respectively. Robusta coffees were better classified than natural and washed Arabica samples: a recognition of 100% in calibration and in cross-validation was obtained for both e-nose and e-tongue. Although FT-NIR spectroscopy was the best technique to discriminate tested samples, the obtained results for e-nose were also promising. Using PCA, the differentiation between washed and natural Arabica was not possible, while a clear separation of Robusta from Arabica samples was obtained. It cannot be excluded that application of other chemometric methods could improve classification of coffee samples.
Spices are very often the subject of adulteration. Banach et al. (2012) demonstrated application of e-nose based on doped tin oxide and ion mobility spectrometry, supported by LDA and PCA, for detection of adulteration in spice mixtures (for Bsaveloy^and Bsausages^adulterated with 20% of curry spice or 20% of garlic powder, respectively). Moreover, the analysis of volatile compounds from spices was performed by GC-MS to identify the main compounds which are responsible for their aroma. It was found that both gas sensors permitted discrimination between the type of spice mixture and adulterated ones. The adulteration can be also distinguished by the MS spectra, but the identification of the type of adulteration was difficult. However, the addition of curry containing black pepper to saveloy mixture was indicated by the presence of 3-carene, whereas the addition of garlic to sausage mixture indicated by the presence of γ-terpinene. The typical natural, volatile ingredient of garlic, alliin, was not observable by GC-MS.
Saffron is the commercial name of the dried stigmas of the Crocus sativus L. flower. It is used as a food additive due to its colour, aroma, and bitter taste and is also used in traditional medicine (Singh et al. 2010; Campo et al. 2009; Kianbakht and Mozaffari 2009) . Saffron is very expensive; thus, adulteration sometimes occurs (Heidarbeigi et al. 2015) . The aroma of saffron and saffron adulterated with safflower, yellow styles, and dyed corn stigma coloured with beetroot dye were evaluated using an e-nose based on six MOS sensors by Heidarbeigi et al. (2015) . PCA was used to visualize the saffron adulteration, and the results were confirmed by ANN. It was found that the e-nose combined with ANN can classify saffron and saffron with adulterating materials. Classification accuracy of 86.87% was obtained for saffron and its mixtures with yellow style and dyed corn stigma; for saffron and safflower, the classification accuracy was 100%. The e-nose successfully differentiated non-adulterated and adulterated saffron at the adulteration level of at least 10%.
Sensor-and MS-Based e-Noses Used for Food Authenticity Confirmation
Various e-nose systems have been used in the area of food authenticity confirmation (Table 1) . Their principles of operation are clearly explained in review articles by, e.g. Dymerski et al. (2011) and Śliwińska et al. (2014) .
The most frequently used e-noses are those based on conductometric sensors. They measure resistance changes under the influence of volatile compounds and include MOS, MOSFET, and conductive polymers (CP). They can be divided into Bhot^and Bcold^sensors. Hot sensors can operate at higher temperatures. Their susceptibility to humidity is low, but their applications are limited. The MOS sensors are the most popular sensors used in commercially available e-noses because they are stable in time, sensitive, relatively inexpensive, and easy to operate. The MOSFET sensors are inexpensive and small, but their main disadvantages are drifting baseline and low sensitivity to carbon dioxide and ammonia. The CP sensor advantages are fast response and low price, but the main disadvantage is susceptibility to humidity (Dymerski et al. 2011; Śliwińska et al. 2014) . Actually, most of the applications listed in Table 1 were studied using e-noses based on MOS. E-noses based on conductometric sensors have been used for geographical origin confirmation or adulteration detection of dairy products (Cevoli et al. 2011; Pillonel et al. 2003; Yu et al. 2007 ), plant oils (Bougrini et al. 2014; Cerrato Oliveros et al. 2002; Cosio et al. 2006; Guadarrama et al. 2001; Haddi et al. 2011; Hai and Wang 2006; Jeleń 2008, Mildner-Szkudlarz and Wei et al. 2015) , meat and meat products (Laureati et al. 2014; Tian et al. 2013) , honey Pei et al. 2015; Subari et al. 2012; Subari et al. 2014; Zakaria et al. 2011) , beverages (Aleixandre et al. 2008; Berna et al. 2009; Hong et al. 2014; Lozano et al. 2007; Penza and Cassano 2004; Steine et al. 2001) , coffee (Buratti et al. 2015) , tea (Kovács et al. 2010) , and some spices (Banach et al. 2012; Heidarbeigi et al. 2015) .
Commercially available zNose™ is a surface acoustic wave (SAW) device. It was used to detect adulteration of palm olein (Che Man et al. 2005) , virgin coconut oil (Marina et al. 2010) , lard (Nurjuliana et al. 2011a) , and meat (Nurjuliana et al. 2011b ). The SAW is a piezoelectric sensor measuring the resonant frequency of the sensor, which is changed due to the changes in the mass caused by the adsorption or absorption of volatile compounds. The advantages of SAW sensors are the relatively short response time and high selectivity, but their sensitivity is rather low and depends on the type of sensor polymer coating. They are also sensitive to the changes of temperature and humidity, and their production technology is characterized by poor reproducibility (Dymerski et al. 2011 ).
The MS-based e-noses are less popular than sensor-based systems because of their high cost. However, they have unquestionable advantages over other instruments. They include a wider range of applications by using appropriate conditions of analysis to obtain the optimal ion fragmentation pattern, higher sensitivity due to the possibility to reject ions originating from potentially interfering components, such as ethanol or water, and shorter response time. Moreover, MS spectra provide chemical information about the sample, therefore differentiation of different samples is possible (Peris and Escuder-Gilabert 2009) . In the area of food authenticity, MS-based e-noses have been used to confirm the geographical origin of cheese (Pillonel et al. 2002; Majcher et al. 2015) , olive oils (Cerrato Oliveros et al. 2005) , and wine (Cynkar et al. 2010; Martí et al. 2004) , authenticity of traditional vinegar (Cocchi et al. 2007 ), olive oil adulteration (Lorenzo et al. 2002; Peña et al. 2005) , and botanical origin of honey (Ampuero et al. 2004 ).
E-noses based on volatile compound separation using ultra-fast GC take the advantages of GC and a sensor-based e-nose. It is possible to obtain information on both volatile composition of investigated samples and volatile fraction profile during a single analysis. Therefore, complete information on similarity of a sample to the reference sample/pattern (reference database) is obtained. The ultra-fast GC-based enoses are more suitable for applications in which chemical information about specific volatile compounds is needed or the analysis is focused on aroma compounds. They require also better analytical skills to interpret chromatographic data (Müller von Blumencron et al. 2015) . Ultra-fast GC-based enoses have been used for authenticity confirmation of some alcoholic beverages (Antoce and Namolosanu 2011; Peng et al. 2015; Śliwińska et al. 2016a; Wiśniewska et al. 2016) .
The choice of the method for e-nose data analysis depends on the obtained data and what is expected: pattern analysis or qualitative analysis. Many multivariate analysis methods can be employed. The most frequently used are PCA, LDA, and DFA as classification methods, whereas PLS is used to construct predicting models for qualitative analysis of adulterant (Table 1 ). The review of various data analysis methods can be found in the literature, e.g. in Dymerski et al. (2011) and Śliwińska et al. (2014) .
Conclusions
Application of e-noses in the field of food and agricultural sciences includes quality control, monitoring technological process, ageing, spoilage, and others. In the last years, several studies were carried out to use an e-nose in the area of food authenticity including adulteration and origin confirmation. The results of these studies indicate that it is possible to detect any adulteration practice or confirm the origin of various products having the characteristic fingerprint aroma. Using different classification methods, no less than 80% or, in many cases, even 100% of correct classification can be obtained depending on product and e-nose system. In some studies, it was pointed out that the classification capability of e-noses can be even better than that obtained by GC-MS. In quantitative analyses with the use of e-noses, the presence of adulterant in some products can be detected at the level of 1%. Therefore, the results of the studies discussed in this paper indicate that there is a real potential of e-noses in the field of food authentication. Most of the e-noses give information about the characteristic odour of the product or its changes upon addition of adulterant without separation of volatile compounds. An e-nose based on ultra-fast GC gives the possibility to obtain the information not only on aroma of the product but also on volatile composition of tested samples. This type of instrument requires the experience in GC data interpretation; thus, the choice between sensor-and GC-based e-noses depends on the purpose of the analysis and the skills of the operator.
Altogether, the e-noses of various configurations are nondestructive tools, which combined with chemometric methods became rapid and sensitive techniques for monitoring the authenticity of food. ANN, artificial neural network; BPNN, back propagation neural network; CA, cluster analysis; CP, conductive polymer; CP-ANN, counter-propagation artificial neural network; DFA, discriminant function analysis; EMA, economically motivated adulteration; E-nose, electronic nose; FAD, Food and Drug Administration; FLT, Fisher linear transformation; FT-IR, Fourier transform infrared spectroscopy; GC, gas chromatography; GC-FID, gas chromatography with flame ionization detector; GRNN, general regression neural network; HS, headspace; HS-SPME/GC × GC-TOFMS, headspace solid-phase microextraction/two-dimensional gas chromatography-time-of-flight mass spectrometry; HS-MS, headspace coupled with mass spectrometer; INDEX, inside-needle dynamic extraction; LDA, linear discriminant analysis; LS-SVM, least squares support vector machine; MLR, multiple linear regression; MOS, metal oxide semiconductor; MOSFET, metal oxide semiconductor field-effect transistor; MOX, metal oxide; MS, mass spectrometer; P&T, purge-andtrap technique; PARAFAC, parallel factor; PCA, principal component analysis; PCR, principal component regression; PDO, Protected Designation of Origin; PGI, Protected Geographical Indication; PLS, partial least squares; PLS-DA, partial least squares discriminant analysis; PNN, probabilistic neural networks; QDA, quadratic discriminant analysis; RMSE, root mean square error; SAW, surface acoustic wave; SFW, selection by Fisher weights; SHS, static headspace; SIMCA, soft independent modelling of class analogy; SPME, solid phase microextraction; SPME-MS, solid phase microextraction coupled with mass spectrometry; SQC, statistical quality control;
Step-LDA, stepwise linear discriminant analysis; SVM, support vector machine; TSG, Traditional Speciality Guaranteed; WPTER, wavelet packet transform for efficient pattern recognition.
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